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Abstract
IMPORTANCE Duodenal biopsies from children with enteropathies associated with undernutrition,
such as environmental enteropathy (EE) and celiac disease (CD), display significant
histopathological overlap.
OBJECTIVE To develop a convolutional neural network (CNN) to enhance the detection of
pathologic morphological features in diseased vs healthy duodenal tissue.
DESIGN, SETTING, AND PARTICIPANTS In this prospective diagnostic study, a CNN consisting of 4
convolutions, 1 fully connected layer, and 1 softmax layer was trained on duodenal biopsy images.
Data were provided by 3 sites: Aga Khan University Hospital, Karachi, Pakistan; University Teaching
Hospital, Lusaka, Zambia; and University of Virginia, Charlottesville. Duodenal biopsy slides from 102
children (10 with EE from Aga Khan University Hospital, 16 with EE fromUniversity Teaching
Hospital, 34 with CD fromUniversity of Virginia, and 42 with no disease fromUniversity of Virginia)
were converted into 3118 images. The CNN was designed and analyzed at the University of Virginia.
The data were collected, prepared, and analyzed between November 2017 and February 2018.
MAINOUTCOMES ANDMEASURES Classification accuracy of the CNN per image and per case and
incorrect classification rate identified by aggregated 10-fold cross-validation confusion/error
matrices of CNNmodels.
RESULTS Overall, 102 children participated in this study, with a median (interquartile range) age of
31.0 (20.3-75.5) months and a roughly equal sex distribution, with 53 boys (51.9%). The model
demonstrated 93.4% case-detection accuracy and had a false-negative rate of 2.4%. Confusion
metrics indicatedmost incorrect classifications were between patients with CD and healthy patients.
Feature map activations were visualized and learned distinctive patterns, includingmicrolevel
features in duodenal tissues, such as alterations in secretory cell populations.
CONCLUSIONS ANDRELEVANCE Amachine learning–based histopathological analysis model
demonstrating 93.4% classification accuracy was developed for identifying and differentiating
between duodenal biopsies from children with EE and CD. The combination of the CNNwith a
deconvolutional network enabled feature recognition and highlighted secretory cells’ role in the
model’s ability to differentiate between these histologically similar diseases.
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Key Points
Question Can deep learning image
analysis distinguish pathological vs
healthy features in duodenal tissue?
Findings In this diagnostic study, a deep
learning convolutional neural network
was trained on 3118 images from
duodenal biopsies of patients with
environmental enteropathy, celiac
disease, and no disease. The
convolutional neural network achieved
93.4% case-detection accuracy, with a
false-negative rate of 2.4%, and
automatically learnedmicrolevel
features in duodenal tissue, such as
alterations in secretory cell populations.
Meaning Amachine learning–based
feature detection platform distinguished
pathological from healthy tissue in
gastrointestinal biopsy images.
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Introduction
The interpretation of clinical biopsy images for disease diagnoses can be challenging when clinicians
are facedwith distinguishing between distinct but related conditions. Recently, increasing attention
has been paid to methods in artificial intelligence that help clinicians to translate big data (ie,
biomedical images and patient biosample data) into accurate and quantitative diagnostics.1 To our
knowledge, most computer modeling enhancements in health care, particularly in image analysis,
have focused on feature engineering, ie, asking a computer to evaluate prespecified, explicit image
features to permit computational algorithms to detect disease or specified lesions. In contrast, deep
learning or a convolutional neural network (CNN) is a form of artificial intelligence that includes
machine learning techniques designed to process data and interpret it (eg, by detecting and
segmenting multiple pixel intensities within a single image and labeling features at a pixel-by-pixel
level).2,3
Machine learning and its subtypes (eg, CNNs) are an extension of the traditional tools and
methods of statistical analysis (eg, linear regression, comparative t tests).4 In 2017, Ehteshami
Bejnordi et al1 demonstrated the use of deep learning algorithms to interpret whole-slide pathology
images. They used annotated images of metastases in lymph node biopsies to train various
algorithms and showed that some algorithms achieved better diagnostic performance compared
with a panel of trained pathologists.1
We hypothesized that deep learning algorithms for pathology slide evaluation could recognize
complex disease phenotypes that cannot bemeasured via molecular approaches and are dependent
on tissue diagnostics. We wanted to develop diagnostic methods to enable us to correlate patient-
level numerical metadata, including biomarkers, with invasively obtained data (eg, tissue biopsies).
Our specific focus was on pediatric undernutrition, which is estimated to cause approximately 45%
of the 5 million deaths annually in children younger than 5 years worldwide.5 There are many
manifestations of early childhood undernutrition; stunting (linear growth failure, length-for-age z
score <−2) is among themost common, affecting approximately 155million children younger than 5
years.6 Stunting is a clinical marker for devastating, sometimes irreversible, deficiencies, which have
adverse cognitive, physical, immunologic, and socioeconomic effects.7-10
A common cause of stunting in the United States is celiac disease (CD), with an estimated 1%
prevalence.11 Celiac disease is an immune-mediated, small-bowel enteropathy triggered by gluten
sensitivity in people with genetic susceptibility.12 Environmental enteropathy (EE), another similar
but distinct condition, is thought to be a key factor underlying stunting in children residing in
low-income and middle-income countries.13,14 Environmental enteropathy is an acquired small-
intestinal condition that is proposed to be a consequence of the continuous burden of immune
stimulation by fecal-oral exposure to enteropathogens, leading to persistent, nonspecific chronic
inflammation.15-17 Environmental enteropathy and CD have been described as overlapping
enteropathies.17-21 Currently, the standard diagnostic criteria for these diseases is the evaluation of a
small-intestinal biopsy obtained via an endoscopic procedure, which requires sedation.17,22 Between
4 and 6 biopsies are required for diagnosis,23 and because only parts of the bowel are affected in
some cases, patients may require multiple endoscopic procedures. Therefore, there is a need to
developmethods that allow feature extraction from biopsies of children with undernourishment and
stunting for further analysis, ie, correlation with numerical metadata. This would aid traditional
pathology-based diagnoses and pave the way for future gastrointestinal diagnostics that depend less
on obtaining intestinal biopsies andmore on noninvasive interpretations of intestinal histological
features for both diagnosis and follow-up.
The pathologist’s interpretation of histological tissue is a unique skill set; pathologists associate
specific clinical information with biopsy findings to suggest a presumptive diagnosis.24 However, it
is difficult to translate this ability into quantifiable measurements that can be used for statistical
analyses with other numerical metadata—most tissue measurements are subjective, whether they
are morphometry, immunohistochemistry, or fluorescence intensity quantification.25-28
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We propose a deep learning–based image analysis platform for the automated extraction of
quantitative morphologic phenotypes from gastrointestinal biopsy images to identify novel features
that could be used to help differentiate between overlapping conditions (EE and CD). Our
overarching aim is to developmethods in data science to support the integration of this data with
clinical andmolecular data, enabling the construction of biologically informative and clinically useful
integrative prognostic models for pediatric undernutrition. The primary aim of the present study is
to build and deconstruct a deep learning network, using unannotated images of duodenal biopsy
slides, which would characterize intestinal mucosal alterations and distinguish between EE, CD, and
healthy tissue. We hypothesized that advances in deconvolutional neural networks (DNNs) could
mimic the pathologist’s skill set, including the ability to identify novel features in understudied
diseases (eg, EE). Deconvolutional neural networks construct hierarchical image representations that
are top-down projections representing structures that have stimulated particular featuremaps.29,30
They are hypothesized to be able to look for distinctive patterns in input images29,30 and, therefore,
could find key distinguishing features betweenmany overlapping diseases, not just EE and CD.
Methods
This study is a prospective diagnostic study designed to develop and validate a predictive machine
learning model for the interpretation of duodenal biopsy slides and feature detection in diseased vs
healthy duodenal tissue. Its report follows the Transparent Reporting of a Multivariable Prediction
Model for Individual Prognosis or Diagnosis (TRIPOD) reporting guideline.31 The data were collected,
prepared, and analyzed fromNovember 2017 to February 2018. This study was approved by the
University of Virginia institutional review board (waiver of consent granted), the Ethical Review
Committee of Aga KhanUniversity in Karachi, Pakistan (informed consent obtained fromparents and/or
guardians), and the Biomedical Research Ethics Committee of the University of Zambia in Lusaka,
Zambia (informed consent obtained from caregivers).
ImageAnalysis Data Sets
We obtained 3118 segmented images from 121 hematoxylin-eosin (H-E)–stained duodenal biopsy
glass slides from 102 patients, labeled as EE, CD, or control. Primary study physicians at each site
made all diagnoses based on histological and clinical findings. Biopsy slides for patients with EE were
obtained from the Aga Khan University Hospital (29 slides from 10 patients) and the University of
Zambia Medical Center (16 slides from 16 patients). Biopsy slides for patients with CD (34 slides from
34 patients) and the control group (42 slides from42 patients) were obtained from the Biorepository
and Tissue Research Facility at the University of Virginia (eAppendix 1 in the Supplement).
Biological Sample Collection
Data on various biomarkers obtained from blood, urine, and/or fecal samples of patients from
Pakistan and Zambia with EE were also obtained. The complete details of the acquisition and
handling of the specimens have been outlined in articles by Iqbal et al32 (for patients in Pakistan) and
Amadi et al33 (for patients in Zambia). These biomarkers were used to propose an algorithmic
framework to correlate this numerical metadata with biopsy features. Since limited and variable
biomarkers were obtained in each of these studies, biological inferences could not bemade from our
results. Therefore, our primary goal was to develop a correlation algorithm to test in a larger, more
comprehensive data set.
Statistical Analysis
Descriptive statistics were performed using the R coding language and RStudio (The R Institute).
Anthropometric measurements and age were used to calculate median and interquartile range z
scores for length for age and height for age, weight for age, and weight for height. These were
calculated using reference guidelines and R application macros available through theWorld Health
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Organization.34,35 Weight-for-age z scores were only calculated for children younger than 10 years
because no reference guideline exists for patients older than 10 years owing to the discrepancies in
height and bodymass index because of pubertal changes.35
Convolutional Neural Network andDNNFramework
We proposed a CNN, based on AlexNet,36 to performmulticlass classification on biopsy images
(Figure 1). Importantly, while based on AlexNet,36 which requires the least amount of training data
vs deeper architectures (eg, VGG-1637 and ResNet38), several variations to the architecture were
made to reduce the number of trainable parameters to enable using a smaller data set. Variations
included the use of (1) 1 convolution network pipeline vs 2, (2) 4 convolutions vs 5, and, most
importantly, (3) 1 fully connected layer with 1024 neurons vs 2 fully connected layers with 4096
neurons. The network consisted of (1) 4 convolution layers, each followed by a rectified linear unit
layer39 and amax pooling layer; (2) 1 fully connected layer; (3) 1 dropout layer; and (4) 1 softmax layer.
The 4 convolution layers had 16, 32, 32, and 32 feature maps, respectively, with pixel-by-pixel
filter sizes of 5 × 5, 5 × 5, 5 × 5, and 3 × 3, respectively. Each convolution’s input layer was 0 padded,
ensuring equal sizes of input and output. Themax pooling layers’ window sizes were set to 2 × 2,
4 × 4, 5 × 5, and 5 × 5, respectively. The stride in convolution andmax pooling layers was set to 1.
Given an input of 1000 × 1000 × 3, the fourth max pooling layer would generate a 5 × 5 output for
each feature map. The output of the 32 feature maps was flattened and concatenated before being
connected to the fully connected layer. The dropout layer had a dropout probability of 0.5,40 and
the softmax layer generated 3 probabilities: (1) likelihood of image being healthy duodenal tissue, (2)
likelihood of image being duodenal tissue with CD, or (3) likelihood of image being duodenal tissue
with EE.
An additional component was added to the network for high activation visualization, which is
conceptually similar to a DNN.29 However, we increased the resolution starting from a low-resolution
output layer, and instead of deconvoluting the entire output layer, only the highest activation for
each feature mapwas traced back to the source image.
We trained 1 DNNmodel on the entire data set. Then, we visualized the patcheswith the highest
activations from each of the 32 feature maps at layer 4 with respect to the different classes.
Image Processing
We had 2 image sources: (1) digitized whole-slide images from Pakistan (single biopsy per slide) and
Zambia (multiple biopsies per slide) and (2) scanned slide images at magnification ×40 and ×100 of
Figure 1. Illustration of Proposed Convolutional Neural Network Classification and Visualization Framework
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The convolutional neural network consists of 4 convolution layers and 1 fully connected
layer. Each convolution layer consists of 3 sublayers: (1) a convolution layer, (2) a rectified
linear unit activation layer, and (3) a max pooling layer. Deconvolution layers increase
image resolution and find locations with high activations. The input image represents a
hematoxylin-eosin–stained duodenal biopsy image (original magnification ×100).
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CD and control slides (multiple biopsies per slide). Both image formats had relatively high resolutions
(ie, ranging from 2288 × 1356 pixels to 18 304 × 14 926 pixels).
However, although most discriminating features can only be observed at high resolution, it is
impractical to input such high-resolution images into the network. Therefore, methods of artificial
data augmentation, including segmentation, horizontal and vertical reflection of randomly selected
patches, and γ correction, were used to produce a more practical input data set (eFigure 1 in the
Supplement).
Each biopsy was segmented into multiple 1360 × 1024 images. During testing, averages from
all images from each patient were used for the final prediction. To adjust for artifact and hue
variations between slides, color augmentation experiments were conducted, including γ correction,
contrast-limited adaptive histogram equalization, and γ correction with contrast-limited adaptive
histogram equalization.41 A 10-fold cross-validation performance of the CNN found that the use of γ
correction alone provided the best performance.41 Therefore, γ correction was applied to the data
set with a random γ value of 0.5 to 2.0 to account for appreciable intersite color differences in H-E
staining.
For each image, ten 1000 × 1000 patches and their horizontal and vertical reflections (for
variability in feature orientation, such as villi, within the same and different images) were randomly
selected. The size of our data set increased by a factor of 30 and enabled the algorithm to learn
translation and rotation invariant features.
As a result of data augmentation, approximately 85000 images were included in each fold
(approximately 76059 for training and 8541 for testing). For testing, 15 patcheswere generated from
each image: 1 central patch, 4 corner patches, and their horizontal and vertical reflections. Then, the
average probability of EE was calculated from these patches. The likelihood of EE in a biopsy was
computed as themean of its segments’ estimated probabilities.
Feature Prediction t Tests
Zeiler and Fergus29 and Zeiler et al30 suggested that filters from the CNNwould look for distinctive
patterns in input images. The degree to which a patternmatch is found in the input image is reflected
by the activation value, and a higher value corresponds to a better match. Therefore, image patches
were run from the different classes, and themaximum activation value per CNN filter was collected.
A t test was run to test the hypothesis that activation values from a class (eg, EE) are significantly
higher than those generated by other classes (eg, CD or control); this test served as a proxy for
testing the prevalence of various tissue patterns in different biopsies (eFigure 2 in the Supplement).
Lasso RegressionModels for Biomarker Correlation
Lasso regressionmodels were built to correlate EE biomarkers with activationmaps and to predict EE
biopsy features. The lassomodel was chosen to add regularization to the regression to avoid
overfitting and to promote sparsity in the feature space to reduce the number of input biomarkers
used to predict biopsy features. In the EE studies from Pakistan and Zambia, each patient with EE
was associated with various variables, including noninvasive biomarkers (from blood, urine, and
stool) that described the patient’s clinical situation. Biomarkers have been used to detect EE and
other gastrointestinal diseases, such as biliary atresia and inflammatory bowel disease.42-48
However, to our knowledge, there has been no work on estimating or synthesizing biopsies from
biomarkers.
Only data from Pakistan were used for this biopsy-biomarker correlation framework, which
consisted of 2 components: (1) CNN activations and (2) lasso regression (eFigure 3 in the
Supplement). The correlation process involved 5 steps. First, for training, the CNN contained 32
different feature maps at the fourth layer; each feature map searched for a specific pixel pattern (ie,
morphological feature) in the input images (derived from dividing biopsies into multiple images).
Each image would produce 25 × 25 pixel convoluted values for each feature map. Second, a
maximum operator function was performed on the activations across all the images per each biopsy.
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Themaximum value of the final 625 convoluted values corresponded to a 142 × 142 pixel segment
that maximally activated the feature map. Therefore, each biopsy was mapped onto 32 values that
corresponded to 32 segments. Third, each case was associated withmultiple variables. Thus, 32 lasso
regressionmodels were built to correlate variables with feature map activation values; 32 image
segments of 142 × 142 pixels were extracted from each biopsy, and their activation values at layer 4
were correlated with biomarkers. Fourth, for testing, the trained lasso regression models estimated
32 activation values from the biomarkers. Rectified linear units generate nonnegative activations;
therefore, response variables for the regressionmodels only have positive values. However, because
of the possibility that using the trainedmodels for predictionmay generate negative estimates, we
removed negative estimates from the testing cases’ estimates. Fifth, the estimated values were used
to obtain training image sections with similar activation values; these sections were used to
reconstruct the testing image. The underlying assumption was that 2 regions from 2 images
producing similar activation values would likely contain similar pixel patterns.
The correlationmodel was evaluated with 2 approaches. First, for each 10-fold cross-validation
testing case, we estimated 32 activations frombiomarkers using the trained lasso regressionmodels.
Then, we applied the CNNmodels to these cases and computed the mean squared error (MSE)
between estimated and actual activations. Next, random forest models were used to estimate each
biomarker’s importance in predicting biopsy features. We then tested the predictive power of the
subsets of the most important biomarkers. Starting with a model using all biomarkers, we
sequentially removed the least important feature, retrained the model, and estimated the cross-
validation per-image and per-biopsy MSE. Second, we applied the trained CNNmodels on testing
cases and obtained the 32 regions that corresponded to the highest activation values for the 32
feature maps.
Results
Background Clinical Characteristics of Patient Populations
Table 1 summarizes the participants’ background characteristics. Themedian (interquartile range)
age of the 102 participants was 31.0 (20.3-75.5) months, and there was a roughly equal sex
distribution, with 53 boys (51.9%). Overall, 26 patients (25.5%) were diagnosed as having EE, 34
Table 1. Background Clinical Characteristics of Patient Population
Characteristic
No. (%)
Total Participants
Patients With Environmental Enteropathy
Patients With Celiac
Disease, United States
Patients With No Disease,
United StatesPakistan Zambia
Diagnosis 102 (100) 10 (9.8) 16 (15.7) 34 (33.3) 42 (41.2)
Age, median (IQR), mo 31.0 (20.3 to 75.5) 22.0 (20.0 to 23.0) 16.5 (10.5 to 21.0) 129.0 (72.5 to 180.8) 31.5 (22.0 to 49.8)
Sex
Boys 53 (51.9) 5 (50.0) 10 (62.5) 12 (35.0) 26 (62.0)
Girls 49 (48.1) 5 (50.0) 6 (37.5) 22 (65.0) 16 (38.0)
Imagesa 121 (100) 29 (24.0) 16 (13.2) 34 (28.0) 42 (34.7)
Weight-for-age z score, median (IQR) −1.00 (−3.10 to 0.06) −3.40 (−3.78 to −2.46) −3.75 (−5.23 to −3.21) −0.14 (−0.77 to 0.24)b,c −0.36 (−1.28 to 0.93)
Length-for-age/height-for age z score,
median (IQR)
−1.00 (−2.33 to 0.31) −2.85 (−3.47 to −2.35) −3.06 (−3.84 to −2.29) −0.12 (−0.91 to 0.67)b,d −0.36 (−1.15 to 0.47)
Weight-for-height z score, median (IQR) −1.00 (−2.68 to 0.27) −2.68 (−2.87 to −1.90) −3.05 (−4.62 to −2.61) 0.62 (0.40 to 1.07)b −0.23 (−1.06 to 0.50)e
Abbreviation: IQR, interquartile range.
a Images refer to the number of hemotoxylin-eosin–stained biopsy images made
available to the deep learning network; these included both scanned images (celiac
disease and no disease) and digitized images (environmental enteropathy from
Pakistan and Zambia). For Pakistan, there were 2 to 3 biopsies available from each
patient; therefore, there were 29 digitized biopsy images from 10 patients.
b Three patients with celiac disease did not have anthropometric data available, and they
were excluded from the analysis for all z scores.
c Weight-for-age z scores could only be calculated for approximately 35% of patients
with celiac disease because the rest were older than 10 years and there is no reference
standard for this age group.
d Weight-for-height z scores could only be generated for 7 patients with celiac disease
using the current algorithm.
e Weight-for-height z scores could only be generated for 38 patients with no disease
using the algorithm.
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patients (33.3%) were diagnosed as having CD, and 42 patients (41.2%) had healthy duodenal tissue.
More characteristics are described in eAppendix 2 in the Supplement.
Deep Learning Prediction Accuracy
We used a case-preserving 10-fold cross-validation setup, ie, all images from a given patient were
either in the training set or the testing set for a given fold. Themodels were trained for only 20
epochs to avoid overfitting and achieved 92.1% cross-validation per-image prediction accuracy
(evaluated for each image individually) and 93.4% per-patient accuracy (evaluated after taking mean
probabilities from all images). Aggregated confusion/error matrices (a table representing a CNN’s
predicted classification vs actual classification, enabling visualization of the algorithm’s
performance49,50) were generated for the 10-fold cross-validation to understand where most
incorrect classifications occurred, and most were found between patients with CD and the control
group.41 On review, all misclassified CD biopsies had a Marsh score of 1. Overall, based on our
aggregated confusionmatrix, our model had a false-negative rate of 2.4%.
Deconvolutional Neural Networks PairedWith CNN
Various DNN feature maps learned distinctive patterns, and as a result, the highest 9 activations
corresponded to relatively similar segments from the training data. Themodel automatically learned
microlevel features in the data, specifically duodenal epithelial secretory cells, whichwere identified
as highly important in the predictive diagnosis of EE or CD (Figure 2).
Furthermore, we extracted 151 deconvolutions to gain insight into themodel’s decision-making
process. The deconvolutions generatedwere reviewed by a gastrointestinal pathologist (C.A.M.) and
pediatric gastroenterologist (S.S.) and broadly categorized into 10 groups, including Paneth cells,
luminal mucin, apposed epithelium, and artifact (Figure 3) (eAppendix 3 in the Supplement).
Figure 2. High Activation Areas
Environmental enteropathy–diagnosed duodenal tissueA Hematoxylin and eosin–stained histologically normal duodenal tissue B
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A, Hematoxylin-eosin–stained duodenal tissues with diagnosed environmental
enteropathy (original magnification ×100). B, Hematoxylin-eosin–stained histologically
normal duodenal tissue (original magnification ×100). These images were the areas of
high activation identified by themodel; we observed secretory cells, specifically Paneth
cells and goblet cells, in themucosa. Our classificationmodel identified these secretory
cells to be of high importance for distinguishing biopsies with no disease from biopsies of
environmental enteropathy and celiac disease.
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Intercountry EE Comparison
Because we had EE biopsies from Zambia and Pakistan, we were interested in analyzing the
intercountry microfeature differences. First, all patients from Zambia were excluded, and 10models
were trained, each of which removed 1 of the 10 patients fromPakistan. Control and CD imageswere
randomly allocated to themodels. After training, the patients fromZambiawere used for evaluation.
Table 2 shows the per-image and per-case performance. Overall, 3 models misclassified almost all
specimens from Zambia. We identified the specimens from Pakistan that were removed from each
model; therefore, these 3 specimens from Pakistan were hypothesized to be very informative for the
identification of EE in the images fromZambia. To validate this, an additionalmodel was trained using
only the 3 biopsies from the 3 patients Pakistan andwas tested on all patients fromZambia, achieving
99.0% per-image and 100% per-case accuracy.
Biopsy Patterns–Biomarker CorrelationModel
We found that the mean 10-fold cross-validation MSE was 0.0840, with a variance of 0.0038. The
top 5 biomarkers identified were interleukin 9, interleukin 6, interleukin 1b, interferon γ-induced
protein 10, and regenerating family member 1. eFigure 4 in the Supplement shows that, by using the
12 most important features, we achieved the lowest per-image error.
We qualitatively compared the 32 regions that corresponded to the highest activation values for
the 32 feature maps against the regions obtained from the correlation algorithm (eFigure 5 in the
Supplement). Segments were sorted by the absolute difference between the estimated value,
produced by the regressionmodel andmatched to the closest corresponding training biopsy
Figure 3. Deconvolution Groupings
Paneth cells Crypt epithelium Vasculature Opposed enterocytesIncreased inflammatory
cells in lamina propria
Artifact Superficial enterocytes Detached epithelium Luminal mucin Superficial epithelium
We selected 151 deconvolutions from hematoxylin-eosin–stained duodenal biopsies for
interpretation (original magnification ×40); the 10 groupings the model identified are
shown. Red boxes and lines indicate the pixel configuration that the deconvolution
model considered an area of importance. Each of these features was used by themodel
in its decision-making process, but the relative importance of each feature is unknown.
Table 2. Classification Accuracy ofModel Trained on Patients FromPakistan and Evaluated on Patients From Zambia
Evaluation Method
Model No.
1 2 3 4 5 6 7 8 9 10
Per-image accuracy 0.94 0.93 0.92 0.07 0.81 0 0.91 0.997 0.14 0.89
Per-case accuracy 1.00 1.00 1.00 0.13 1.00 0 1.00 1.00 0.13 1.00
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segment, and the ground-truth activation values, which corresponded to the highest 32 activations
from each EE specimen in the testing set. Our correlation algorithm produced relatively good
estimates (eFigure 5 in the Supplement), and theMSEwas 0.0751. However, given theminimal
biomarker overlap between specimens fromPakistan and Zambia, this proposedmethod needs to be
validated in a larger data set before biological interpretation of themeaning of the correlations can
be attempted.
Discussion
This study aimed to develop and validate a machine learning–based histopathological analysis model
to distinguish and extractmorphologic phenotypes fromduodenal biopsy images and identify novel
features that could be used to help differentiate between overlapping conditions causing pediatric
undernutrition. The major results of this work include the following: (1) the development of a CNN
applied to H-E–stained duodenal biopsy specimens from participants with healthy tissue, CD, and EE;
(2) the use of a DNN to identify distinguishing features; and (3) a proposed analytic framework to
correlate high-dimensional biomarker data with biopsy features.
In the past decade, various studies have investigated the use of deep learning to facilitate the
detection of medical conditions.1,51-59 In 2017, Ehteshami Bejnordi et al1 used deep learning
algorithms to interpret sentinel lymph node pathology images. They used whole-slide images, which
had been annotated for metastases, as their input to train the algorithms.1 Our analytic framework
was set up as a cross-validation, ie, our training set was labeled but our validation set was not. We did
not apply any annotations other than the assignment of broad categories (ie, EE, CD, or control).
Strengths of our study include a novel machine learning–based histopathological analysis for
identifying and differentiating between gastrointestinal diseases and control images and the use of a
DNN for feature recognition and novel insights into differentiating 2 histologically similar diseases.
Limitations
This study has some inherent limitations. First, we had different forms of images as inputs, including
(1) digitized slides for EE (from Pakistan and Zambia) and (2) images taken from amicroscope at
different resolutions for CD and the control group. Therefore, the data from our patients with EE
weremuch larger in size andmore feature heavy. Second, there was an obvious intersite staining
color difference, leading to a potential decision-making bias based on color and likely producing our
high degree of accuracy. Although H-E staining is a standard method used by pathologists to study
human tissue, differences in commercially available reagents by country led to clear color differences
in biopsy slides from Zambia, Pakistan, and the United States. We used γ correction to address this
problem, but this only partly solved the issue, evident by the high accuracy of EE classification.
Nevertheless, in the context of the scarce literature about applying CNNs to small-intestinal tissue,
our results suggest that CNNs can be used to provide quantitative and novel disease insights. Third,
our study had broad inclusion criteria for the control group. While pathology reports confirmed
healthy small-intestine tissue, patients were not excluded from the study on the basis of disease in
other parts of the gastrointestinal tract (eg, eosinophilic esophagitis). Our current work includes
more stringent inclusion and exclusion criterion for both CD and the control group. We presented a
proposed analytic framework for biopsy pattern correlationwith biomarkers; however, our small data
set limited us frommaking biological inferences regarding the biopsy feature groupings identified
via biomarkers. Future directions for our research include using digitized images for all disease
categories, thereby providing the algorithmwith high-resolutionmicroscopic features,
hypothetically enabling it to more robustly identify novel features and decreasing the amount of
artifact used for decisionmaking as data size increases. Future workwill also include transfer-learning
approaches, ideally allowing the algorithm tomakemore accurate classifications and feature
predictions. Gradient-weighted class activationmapping60 will be applied for the assignment of
relative-importance weights to distinguishing features on each image and disease. Additionally, to
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address differential staining between study sites and reduce appearance variability within the data
set, methods of stain normalization will be implemented, which will modify the image color to
resemble a reference sample. Furthermore, a potential reason for most misclassifications occurring
between CD and healthy tissue could be that themisclassified CD images had a lower Marsh score or
unusual clinical features (eg, normal serology, no weight loss, constipation vs diarrhea). We plan to
conduct a secondary review of these misclassifications to identify histological and clinical features
that could have causedmisclassifications. Further, we plan to expand our current biomarker analysis
to correlate microscopic biopsy features with a wide array of biomarker as well as molecular and
genetic data.
Conclusions
In this diagnostic study, a machine learning–based histopathological analysis model demonstrated
93.4% classification accuracy for identifying and differentiating between duodenal biopsies from
children with EE and CD. The combination of CNNs with a DNN enabled feature recognition and
highlighted secretory cells’ role in themodel’s ability to differentiate between these histologically
similar diseases.
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